Abstract: Between September 5, 2008 and September 5, 2009, near-surface soil moisture time series were collected in the northern part of a 1.7 km2 watershed in SW Hungary at 14 monitoring locations using a portable TDR-300 soil moisture sensor. The objectives of this study are to increase the accuracy of soil moisture measurement at watershed scale, to improve flood forecasting accuracy, and to optimize soil moisture sensor density. According to our results, in 10 of 13 cases, a strong correlation exists between the measured soil moisture data of Station 5 and all other monitoring stations; Station 5 is considered representative for the entire watershed. Logically, the selection of the location of the representative measurement point(s) is essential for obtaining representative and accurate soil moisture values for the given watershed. This could be done by (i) employing monitoring stations of higher number at the exploratory phase of the monitoring, (ii) mapping soil physical properties at watershed scale, and (iii) running cross-relational statistical analyses on the obtained data. Our findings indicate that increasing the number of soil moisture data points available for interpolation increases the accuracy of watershed-scale soil moisture estimation. The data set used for interpolation (and estimation of mean antecedent soil moisture values) could be improved (thus, having a higher number of data points) by selecting points of similar properties to the measurement points from the DEM and soil databases. By using a higher number of data points for interpolation, both interpolation accuracy and spatial resolution have increased for the measured soil moisture values for the Pósa Valley.
Introduction
Flooding in mountainous headwater catchments is governed by rainfall intensities and antecedent catchment states including land use, soil moisture, groundwater levels, and snow depth [1] [2] [3] [4] . One way to estimate the magnitude of runoff and peak discharge values is the use of rainfall-runoff numeric models [5, 6] . However, such models require accurate spatial parameterization of antecedent catchment states [6, 7] . One crucial variable that contributes to the overall runoff/infiltration ratio during a rainfall event is soil moisture [8] [9] [10] [11] [12] [13] . Soil moisture is also a key variable for the complex understanding of hydrological processes in the vadose zone. Previous soil moisture studies have mainly focused on the characterization of soil moisture fields at various spatial scales. Many articles have concluded that a single-location soil moisture measurement does not necessarily represent correctly the mean soil moisture value of the entire drainage area e.g. [9, 11, 12] . Soil moisture is a highly variable environmental parameter, both spatially and temporally [14] [15] [16] , and knowledge regarding its initial value is extremely important in runoff modeling. Spatially and temporally varying soil moisture has been increasingly used as an input parameter to hydrological and meteorological models as soil moisture plays a crucial role in the surface runoff of water originating from heavy rainfalls [1] . The spatial distribution of soil moisture varies as a function of the spatial distribution of evapotranspiration and precipitation, ultimately influ-enced by topography, soil texture, and land use type [5] [6] [7] [8] . Alternatives to collecting sufficient knowledge on its spatial distribution include high resolution in situ measurement and monitoring [17, 18] or satellite remote sensing applications [19, 20] . Soil moisture data sets could be correlated to other environmental variables to calculate more soil moisture data through correlation functions. If the correlation is sufficiently robust, a single soil moisture sensor could provide the necessary input to predict soil moisture across the watershed [21, 22] , assuming that the environmental variables (i.e. land use and soil characteristics) remain unchanged [23] . Such predicted data sets may provide sufficiently accurate catchment-scale soil moisture spatial patterns [24] [25] [26] . Parameters that influence soil moisture include soil depth, slope, aspect, and soil type [27] . Other authors found that with increasing soil depth, mean soil moisture content increases [28] . Extreme soil moisture values are also affected by soil depth [29, 30] . Penna and co-authors found that temporal stability of soil moisture was greater over dry periods than humid periods [2] . Due to natural variations, such as the decreasing return period of extreme hydrologic events such as catastrophic floods and flash floods, there is an increasing need to define catchment-scale soil moisture accurately and to reduce the efforts and the costs related to the deployment of several soil moisture probes. Nonetheless, large expenses may be associated with large-scale soil mositure monitoring when real-time, online systems are employed to monitor individual elements of the hydrologic cycle. To decrease operational costs of monitoring systems, we adopted and describe two methods to upscale single-point ground soil mositure measurements and apply singlepoint measurements to larger areas. Essentially, the overall goal of the current study is to increase the accuracy of soil moisture measurement at the watershed scale to improve flood forecasting accuracy. More specifically, we aimed to optimize the number of soil moisture sensors for the Pósa Valley watersheds and to extrapolate the methodology for other flash-flood-effected low-mountain drainage areas. The result is a more costefficient method which supplies similar soil moisture measurement accuracies at a lower cost. By finding correlations among the time series data of the individual monitoring stations, the number of sensors and dataloggers may be reduced and optimized to employ a cost-efficient monitoring system when large drainage areas need to be monitored. radius circle and then averaged. Measurements were always taken between 6 and 9 AM. In the monitored area, the dominant soil physical type, determined by a static light scattering technique, using a Fritsch Analysette 22 (Fritsch GmbH, Idar-Oberstein, Germany) particle size analyzer, is loam [32] . Based on the observation wells at a nearby former uranium mine and the authors' experience, the groundwater table is likely located at a depth greater than 10 meters below the surface. However, the depth is spatially highly variable due to the rugged topography of the watershed. Soil depth was determined with both on-site drillings and with a RESP-12 geoelectrical system that uses a vertical electric sounding (VES) technique. Further details can be found in [32, 33] .
Materials and methods

Site description
General description of the monitoring network
Interpolation of the measured soil moisture data
Observed data for the 14 monitoring locations were then plotted using ArcGIS 9.3 software. Interpolated maps of minimum, mean, and maximum observed soil moisture were created using ordinary Kriging. We selected the Kriging technique based on the results of [26] .
To increase interpolation accuracy, we increased data density used for interpolation by selecting a number of points with similar environmental characteristics to the measured points. Firstly, we selected pixels which are similar to any of the 14 measurement location pixels in one the four environmental criteria (i.e. aspect, slope, soil depth and elevation). This way, similarities were based on one single property, i.e. 4 different interpolated maps were generated: (1) slope-interpolated map or SIM, (2) aspect interpolated map or AIM, (3) depth-interpolated map or DIM and (4) elevation interpolated map or EIM. According to our preliminary assumptions, points with similar aspect, slope, soil depth and elevation would have similar soil moisture values (that is, a four boundary parameter-based interpolated map, FPIM). First, pixels with one identical environmental characteristic to any of the 14 monitoring locations were selected. This resulted in hundreds of points in some cases, for instance, matching only the slope criteria (SIM map). We then looked for similar pixels -the selection criteria for this were set for ± 3 meters for elevation, ± 2 ∘ for slope, ± 15 ∘ for aspect and ± 20 cm for soil depth. We also studied the properties of the interpolated output pixels (10 m side length) and the "Reference 14" pixels with respect to their slope, aspect, soil depth and elevation attributes. We also studied the general properties of the measurement points with respect to their relation to the four topographical and pedological properties discussed above. Two pixels were considered similar when their soil moisture content was within ± 1%. This resulted in the selection of another 31 additional points. Eventually, we had a total of 44 points to which we then assigned the relevant soil moisture values. Relevant in this case refers to the soil moisture value of the monitoring location which has identical slope, aspect, elevation and soil depth as the pixel. New interpolated maps were then created by using the 31 additional points for minimum, mean, and maximum soil moisture values. Because of the high spatial variation of soil moisture, determinations of contributing areas were also important.
To calculate contributing area, we used a digital elevation model (DEM) with preferred pour points. A correlation function now may prove useful to increase soil moisture estimation accuracy. The effect of soil texture, soil depth, and upslope area on mean soil moisture content was also studied. The second major goal of the current study was to determine the accuracy of ordinary Kriging interpolation in depicting the spatial distribution of soil moisture. For interpolating the measured soil moisture content and the values for similar selected points, we selected the Kriging technique because, according to our earlier research, it had a higher accuracy than the inversed distance weighted (IDW) method, which, nonetheless, contradicts the conclusion of [31] . The spatial resolution of the output interpolated maps of minimum, mean, and maximum soil moisture was 10×10 meters. One way to enhance interpolation accuracy is to increase the density of data used for interpolation. To achieve this, 31 points bearing similarities in terms of slope, aspect, soil depth and elevation to the original 14 measurement points were selected within the experimental catchment based on the DEM and the soil database, as described earlier in this section. The 31 inserted points hereafter are called extrapolated points in order to distinguish them from the 14 original monitoring location data points. Using this approach we assumed that similar environmental boundary conditions result in identical or at least similar soil moisture values. This way we obtained better semivariogram results. We interpolated minimum, mean, and maximum soil moisture values that were measured during the monitoring period among the 45 (14 + 31) data points. Regarding the extrapolated points used for interpolation, the smallest deviation and lowest difference from the mean of the Reference 14 measured values was found for the slope-based interpolated map (SIM) map, when the four properties (slope, aspect, soil depth and elevation) were analyzed individually. When all four properties are filtered together, then, obviously fewer pixels meet the filtering criteria (e.g.: the pixel has to be in the given elevation, slope, aspect and soil depth range as the soil moisture sensor). Slope, aspect, and elevation were derived from the DEM of the Pósa Watershed.
Calculation of standard errors, significance levels and optimal soil moisture sensor spatial density
For statistical analysis, the sum of standard error (SSE) was calculated between the measured and calculated mean soil moisture values to account for correlation accuracy. Correlation was determined between Station 5 and all other measurement sites. To track significant changes among the individual time series, an ANOVA (at p = 0.05) test was run on the measured data set.
To determine the spatial and temporal variations of soil moisture data in the Pósa Valley, we calculated both the spatial and temporal variation of the measured and calculated data as follows:
where CV t,i is the temporal coefficient of variation for Monitoring Station i over the entire measurement period (1 year), σ t is the temporal deviation of soil moisture at a given site, and θ t is the mean soil moisture content for a given measurement day for all sampling sites. The spatial variation was calculated as follows:
where CV s,k is the spatial coefficient of variation for all monitoring stations on measurement day k, σs is the mean spatial deviation on measurement day k and, and θ t is the mean temporal soil moisture content for the same measurement day k. The determination of the Number of Representative Stations (NRS for a unit area of 100 km 2 ) was based on prior studies [2, 19, 20] :
where t is a Student-type t−distribution value, σ is a standard deviation corresponding to the mean temporal soil moisture content, and AE is the absolute error. These findings have corroborating the findings of [33] [34] [35] i.e. that deviations are usually increasing with decreasing mean soil moisture content. However, large deviations likely originate from a combination of environmental conditions, particularly steep slopes, land use pattern, large grain sizes, and higher elevations [36, 37] .
Results
General soil moisture characteristics in the Pósa Valley
Data correlation between the observed and calculated soil moisture values
Correlation values between Monitoring Station 5 and all the other 13 monitoring stations were calculated in the studied area (Figure 3 Table 1) .
To determine the optimal spatial sensor density for deployment in the field, correlations between the observed and calculated near-surface soil moisture were first determined. Likewise, to determine the most representative measurement site, we analyzed the correlations among all 14 measurement points. All these measurement points are located close to the Pósa Stream, however, due to the steep slopes, at markedly different elevations above the stream We also studied the probability of a given soil moisture value for both the observed and calculated values. These data provide the spatial ranking of the individual monitoring sites. Figure 4 indicates the probabilities and ranking for three soil moisture conditions, i.e. for the driest of all measurement times (September 4, 2009), the wettest (October 17, 2008) , and the mean scenario. The spatial ranking clearly indicates the consistent spatial behavior of the individual sites, i.e. Station 1 is always the wettest, and Table 2) . The largest SSE for observed and calculated mean soil moisture values is found in the temporal time series of Monitoring Station 3, while the lowest error is shown in Monitoring Station 7 values. In general, with increasing mean soil moisture values over the period of observation, we find increasing differences between the observed and calculated values ( Table 2 ).
Spatial interpolation of the observed and calculated soil moisture data
When selection criteria are based on all four properties, then a smaller set of points are obtained and interpolation spatial resolution and semivariogram values are significantly higher than for the interpolation based on the 14 reference measurement points. For the four boundary parameter-based interpolated map (FPIM), the general spatial pattern shows a higher degree of resemblance to the Reference-14-monitoring location-based interpolation map (RIM) values than to any of the single-property extrapolated maps ( Figure 6 ).
Validation of similar point selection
To validate the similarity between monitored and selected point data, soil moisture data were collected at the 14 reference monitoring locations and 33 additional sites on July 12, 2013. These points were then interpolated using the same kriging algorithm that Figure 7 maps. Soil moisture distribution followed the same pattern when only the 14 reference monitoring location data (Figure 7) , the 33 validation points (Figure 7d) , and both the monitoring location and validation points (i.e. a total of 47 points) were interpolated ( Figure 7e 
Discussion
In a theoretically ideal case, a high degree of correlation would be expected when sites with similar topography and soil properties or relative proximity are examined. This way the most representative sites are screened, and spatial density optimization as a function of soil moisture content is achieved. For the Pósa Valley, the Number of Representative Stations (NRS) did not significantly changed with increasing soil moisture content (Figure 8 ). This finding contradicts the conclusion of [38] . The value of NRS varied between 2 and 30 per 100 km 2 in the Pósa Valley when AE was changed to values between 0.5 and 2% (Figure 8 ). Similar to the results of [2] , the number of representative stations required for optimal spatial soil moisture detection significantly decreased with decreasing measurement error of the employed soil moisture sensor (1% for the Spectrum TDR-300). Our findings indicate that at topographical conditions typical for the Mecsek Hills and the low mountain regions of Hungary, a higher sensor density is required than indicated by [2] . According to [39] , topography does not profoundly influence soil spatial patterns. Our findings corroborate their results, as slope-based interpolation provides a different soil moisture spatial distribution and more heterogeneous pattern compared to the original (observed) pattern. With decreasing measurement error, measurements provide more reliable data with high confidence for larger areas. With increasing measurement error, however, spatial interpolation of soil moisture data is essential, thus a lower number of soil moisture measurements may be collected for obtaining the long-term spatial pattern of the studied area. However, this strategy may increase the deviation of measured soil moisture expected for a larger area. Note that our results differed from those of [2] , in the way that NRS values change only slightly as a function of soil moisture content. According to [38] , when based on field and statistical analyses, the number of monitoring stations can be optimized. In their field site the optimal number of monitoring station was found to be between 4 and 40 depending on saturation levels.
Conclusions
From the current study, two main conclusions are drawn. Firstly, with prior measurements and calibrations at multiple measurement points over the catchment exploratory phase, spatial soil moisture patterns can be estimated for any point within the Pósa Valley watershed, and presumably in watersheds similar in terms of topography, land use, and soil properties. According to our results, in 10 cases out of 13, a strong correlation exists between the measured soil moisture data of Station 5 and all other monitoring stations. Accordingly, long term monitoring costs, would be significantly reduced with a lower number of monitoring stations. Consequently, the selection of the location of the representative measurement point(s) becomes essential for obtaining representative soil moisture values for the given watershed. This can be done by (i) employing a higher number of monitoring stations over the exploratory phase, mapping soil physical properties and (ii) running statistical cross-relational analyses on the obtained data. The process should be supported by adequate selection of the location for the "representative" monitoring station based on topography, soil properties, and land use characteristics. Secondly, we found that increasing the number of soil moisturement data points available for data interpolation increases the accuracy of soil moisture content determination. The data set used for interpolation (and the estimation of mean antecedent soil moisture values) can be increased by selecting points from the DEM and soil databases with properties similar to the measurement points. By using a higher number of data points for interpolation, both interpolation accuracy and spatial resolution increased for the measured soil moisture values for the Pósa Valley. A priori monitoring for density optimization could provide soil moisture information about spatial correlations and rankings of optimal sensor density in topographically heterogeneous watersheds. This newly described soil moisture estimation method helps to select the optimal sensor density for remote watersheds and would make the monitoring process more cost-efficient. However, as described earlier, watershed characteristics and soil moisture data optimization are strongly influenced by various environmental factors such as topography, land use type, slope and soil depth: thus, these factors need to be considered for spatial soil moisture estimation on watershed scales and for planning and elaborating appropriate soil moisture monitoring networks in rapid-response catchments. With the combined application of field measurements and the interpolation techniques of the methodology described in this paper, the accuracy of flood prediction systems for small watersheds in low-mountain areas may be improved. Such increased forecasting accuracy will likely mitigitate the catastrophic consequences of seasonal floods and flash floods of rapidresponse and ultra-small watersheds.
